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The goal of kinetic modeling is twofold: i) to increase scientific understanding of the process under study, and ii)
to predict product properties in product and process design and shelf life. Reviewing food science literature
shows that classical two-step kinetic analysis is most common, by first deriving rate constants for an assumed
order of reaction (possibly after linearization to make linear regression possible) and then deriving Arrhenius
parameters via linear regression, again after log-linearization. This two-step approach is not without problems
and this article proposes an alternative general workflow on the untransformed data using nonlinear, global
regression. The basic elements consist of: i) a full statistical analysis of the order of the reaction per temperature,
ii) a global analysis of all data simultaneously to estimate Arrhenius parameters while characterizing a possibly
varying order via multilevel modeling, iii) evaluation of the resulting model and parameters in terms of fitting
and, even more importantly, predictive capacity. The proposed workflow is illustrated with a case study on
thermal degradation of carnitin (described in literature as a first-order reaction). A Bayesian approach was used
to obtain probability distributions of parameters rather than point estimates, but the common standard fre
quentist approach can also be applied. Kinetic analysis of the carnitin data for each temperature separately
showed that the order varied with temperature between 0.9 and 1.6. Multilevel modeling on all data simulta
neously was used to better characterize this variation along with the common Arrhenius parameters. Due to the
nature of the Arrhenius equation, reparameterization and rescaling is necessary to avoid strong parameter
correlation and numerical difficulties during nonlinear regression. Multilevel modeling of all data showed that
the variation of the order with temperature was not that strong as suggested from the separate analyses but it did
show that the global order was higher than one. The outcome of the suggested workflow was compared to that of
the classical two-step kinetic analysis and showed considerable differences in Arrhenius parameters; this
appeared to be due to linearization by taking logarithms of concentration data, at least for this case study.
Furthermore, it is illustrated that Bayesian regression leads to better insight into behaviour of parameters and
models than least-squares regression in terms of density distributions, parameter correlations and joint confi
dence intervals. Even more importantly, testing of predictive capacity of kinetic models can be done much more
rigorously using the Bayesian approach.

1. Introduction
Kinetic modeling is frequently applied in food science literature for
obvious reasons: it gives insight in reaction mechanisms, and it is a
necessary tool for product and process design, product quality optimi
zation and process performance, and shelf life estimation. The goal of
modeling is thus twofold: i) to understand relations between product
and process variables, ii) to predict future behaviour as accurately and
precisely as possible. In deriving kinetic models, it is necessary to couple
experimental data to models and in doing so, statistics is needed to deal
with the uncertainties involved. For instance, Giannakourou and Sto
foros (2017) published a theoretical analysis about variability in kinetic

modeling, using a Monte Carlo simulation technique. Recently, it was
shown by the present author how Bayesian statistics can be used as an
alternative for that goal (Van Boekel, 2020). A Bayesian approach leads
to posterior density distributions of parameters, which give more insight
in their behaviour than the traditional ordinary least squares (OLS)
technique which only gives point estimates. The current article develops
that approach further by establishing a comprehensive workflow for
kinetic analysis; a dataset from literature is used to illustrate the
approach. The goal is to show how kinetic data can be explored in detail
to obtain relevant kinetic parameters with their uncertainties such as:
• the order of the reaction
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• rate constants
• the Arrhenius parameters (activation energy and pre-exponential
factor)

The advantage of the linearized form is that linear regression can be
used, which has an analytical solution in the case of least-squares
regression, while the nonlinear form requires iterative methods. How
ever, taking logarithms may induce statistical bias, as will be discussed
below. The Arrhenius parameters are the pre-exponential factor k0 and
the activation energy Ea , with R = 8.3145 J mol− 1 K− 1 as the gas con
stant and T absolute temperature in K. Equations (2) and (3) are the
basis for the discussion to follow and will be expanded later on. An
alternative for the Arrhenius equation would be the more fundamental
Eyring equation (Van Boekel, 2008b). Another approach to describe
temperature effects, built upon the Eyring equation, was given by
Mastwijk et al. (2017), especially developed for enzyme and bacterial
inactivation. In this so-called Gauss-Eyring approach, inactivation pa
rameters are considered stochastic, rather than deterministic. A critical
discussion on the use of the Arrhenius equation in food science has been
given by Peleg et al. (2012) and Peleg et al. (2017). These authors have
clearly shown that a simpler exponential model can equally well be used
as the Arrhenius equation. They also showed that the compression and
inversion of the temperature axis to produce Arrhenius plots according
to equation (3) are unnecessary; this aspect will be discussed below as
well. Since most food science authors still use the Arrhenius equation,
and will probably continue to do so, the limitations as well as the op
portunities of the Arrhenius equation will be discussed here. However,
the alternatives given by Peleg and coworkers are acknowledged (and
freely available on the internet to use, Peleg et al. (2017)).

As a brief recapitulation, some basic equations are given that will be
used later on; for an extended review of kinetic methods, see Van Boekel
(2008b), Van Boekel (2008a). The rate of a reaction of a single
component (dc/dt) is measured and modeled via the concentration
change of the reactant or product c as a function of time t:
dc
= kr ⋅cnt
dt

(1)

Thus, equation (1) is basically an empirical power law relation and is
properly called the general rate law (it gets a negative sign in the case of
a degradation reaction). The two parameters in this equation are the
proportionality constant kr (the rate constant, dimension (dm3
mol− 1)n− 1 s− 1, and the reaction order nt (dimensionless), which is the
order with respect to time (there is also an order with respect to con
centration if rates are determined as function of initial concentration,
Van Boekel (2008b)). In many cases in food science literature, authors
assume a fixed value for nt , mostly 0, 1, or 2, reflecting a zero-, first- or
second-order reaction, respectively. Frequently, such an assumption is
verified by plotting the data in a linear or linearized form, e.g., Kokki
nidou et al. (2014); Ling et al. (2015). If the untransformed data follow
more or less a straight line when plotted versus time, zero-order is
assumed (e.g., Huang and Barringer, 2016). Incidentally, it should be
mentioned that a zero-order reaction cannot go on indefinitely, at some
point in time the order will have to increase (Peleg et al., 2017; Van
Boekel, 2008b). If a semi-logarithmic plot of the data yields a straight
line, a first-order reaction is assumed (Bajaj and Singhal, 2020; Goula
et al., 2018; e.g., Peron et al., 2017; Voelker et al., 2018) and if the
reciprocal of concentration versus time yields a straight line, a
second-order reaction is assumed (e.g., Cao et al., 2020; Moratalla-lópez,
Lorenzo, Chaouqi, Sánchez and Alonso, 2019). Also a fractional order is
a possibility (e.g., Halabi et al., 2020). Frequently, the coefficient of
determination R2 is then used as a decision measure, even though that is
not a good measure for model fit (Van Boekel, 2008b). As an alternative
method, it is explored in the present paper whether or not the data can
decide what order they obey rather than a researcher judging this from a
plot. This possibility arises from applying the integrated form of the
differential equation (1) displayed in equation (2):
(

ct = c1−0

nt

+ (nt − 1)⋅kr ⋅t

)1− 1n

t

= 1)
(for nt ∕

2. Material and methods
2.1. Data
The dataset used is about the thermal degradation of carnitin, a
compound that is present in meat and is a useful ingredient from a
nutritional point of view (Goula et al., 2018). The study was performed
in aqueous solutions of carnitin at an initial concentration of about 66
mg/dm3 at various temperatures. The experimental details are
explained in the original article (Goula et al., 2018). The raw data was
kindly supplied by Drs. Goula and Stoforos with permission to use them
here. For reasons explained below, the heating times in minutes were
recalculated to hours.
2.2. Bayesian regression
Bayesian regression needs a likelihood function that describes the
generation of the data and how they are distributed, something that the
researcher must propose, in this particular case a kinetic model.
Furthermore, prior distributions are needed for the parameters,
reflecting expert knowledge about parameters expressed in a statistical
distribution. In this case, the normal distribution was used for the like
lihood function since it is well known from statistical literature that
chemical measurements yield normally distributed data. As for the ki
netic parameters, normal distributions can also be used. Alternatively,
one could use a distribution that prevents parameters from being
negative, such as the exponential or log-normal distribution. The
experimental standard deviation σe is also routinely estimated as a
parameter (assumed to be constant for all measurements but that needs
to be checked). Obviously, a standard deviation cannot be negative and,
therefore, a half-cauchy or an exponential distribution is usually chosen
for σ e . See Van Boekel (2020) for more details on Bayesian estimation of
kinetic parameters. The posterior distribution is obtained by combining
the prior and the likelihood according to Bayes’ rule and is approxi
mated by Markow Chain Monte Carlo (MCMC) simulations, see, e.g.,
McElreath (2020). Very briefly, the MCMC technique is a subclass of
Monte Carlo techniques, which geneally use random number generators
to approximate a specific probability distribution. With a Markow
Chain, the next sample depends on the existing sample and this allows to
zoom in on the quantity from the distribution that is being

(2)

ct = c0 ⋅exp( − kr ⋅t) (for nt = 1)
Fitting equation (2) to experimental data (concentrations versus
time) should lead to an estimate of the order of the reaction nt , as well as
estimates of the initial concentration c0 and the rate constant kr . Note
that the nth-order equation has no solution for the exact value of nt =
1.0; this is, however, no problem for the way this equation is used in this
paper because of the Markow Chain Monte Carlo approximation used
(see below) that will just reject impossible outcomes if the value of nt =
1.0 happens to be explored (values very close to 1 like nt = 0.9999 and
nt = 1.0001 are perfectly feasible). Also with the nonlinear least-squares
regression routine described in the Supplement, a value for nt = 1.0 will
be rejected by the software and it will continue searching for values very
close to 1 if it concerns a first-order reaction.
The effect of temperature is usually described via temperature
dependence of the rate constant in the Arrhenius equation, as displayed
in equation (3) in its nonlinear form as well as its logarithmic, linearized
form:
(
)
Ea
kr = k0 ⋅exp −
RT
(3)
Ea
lnkr = lnk0 −
RT
2
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conventional way in two steps (actually using the D and z -concept,
Goula et al. (2018)). The plot in Fig. 1 shows i) that the degradation in
concentration is clearly nonlinear and ii) that degradation increases
with temperature. This first step is called EDA (Explorative Data Anal
ysis) in the data science literature. The EDA step in this case suggests
that it is warranted to apply a nonlinear model to the concentration
change, while for temperature dependence an equation such as the
Arrhenius equation could be used (or the more fundamental Eyring
equation (Van Boekel, 2008b), or the empirical equation proposed by
Peleg et al. (2012), but that would not change the suggested procedure,
only the parameters are slightly different).
In the original article, the authors decided for a first-order reaction
based on obtained semi-logarithmic plots (be it with D and z parameters,
where D is a substitute for a rate constant, and z for activation energy).
Here, a different approach is advocated. However, the classical
approach will be done later on to compare its results with those of the
workflow proposed here. The goal of this proposed workflow is to show
that more information can be extracted from the available data than the
frequently used classical approach can achieve. Essential is how groups
of data are used: they can be analyzed individually (i.e., no pooling of
data between groups), they can be analyzed all together (i.e., complete
pooling ignoring group effects), or they can be analyzed per group but
also shared between groups (i.e, partial pooling).

approximated. As a result, MCMC allows systematic random sampling
from high-dimensional probability distributions. There is a recom
mended Bayesian workflow that is followed here (Depaoli and Schoot,
2017; Gabry et al., 2019), the basic elements of which are prior pre
dictive checks, MCMC checks, posterior predictive checks and model
evaluation. Prior predictive checks and MCMC checks can be found in
the Supplement to this article, posterior predictive checks and model
evaluation are discussed here.
2.3. Statistical software
The calculations were done in R (version 4.0.3) using RStudio
(version 1.4.1103). Bayesian regression analysis was done via the R
package rstan (version 2.21.2) and brms (acronym for “bayesian
regression modelling using stan,” version 2.14.4, (Bürkner, 2017, 2018).
brms uses the software Stan (Gelman et al., 2015) in the background
where the actual MCMC calculations are done, the results of which then
are returned back to R for further interpretation. Tidyverse applications
(a standardized way of handling data and parameters in R) of brms were
inspired by Kurz (2020) in his reworking of the book of McElreath
(2020). The manuscript was written using the package papaja (Aust and
Barth, 2020). Plots were made using the package ggplot2 (Wickham,
2016). A list of all R packages used is provided in the Supplement. The R
code for all calculations can be found at the author’s GitHub page.

3.2. Step 2 in the workflow. Estimation of the order of the reaction per
temperature (no pooling)

3. Results and discussion
3.1. Step 1 in the workflow: Explorative Data Analysis (EDA)

The second step after EDA is to estimate the order of the reaction at
each individual temperature. If a linear relation between concentration
and time holds, then a zero-order reaction applies and further estimation
of the order is not needed (but note that a zero-order reaction only holds
up to a certain reaction time). If the relation does not appear to be linear,
the order needs to be estimated. This step is done to check whether or
not the assumption can be made that the reaction order remains constant

The first thing to do, always, is to plot the data: see Fig. 1. This
particular dataset was chosen because it is an extended one and contains
a sufficient amount of groups of temperature studies; it was used as a
case study to develop the workflow as suggested in this paper. The data
in the original paper was analyzed (among other types of analyses) in the

Fig. 1. Plot of the data used in the case study: carnitin solutions heated at various. temperatures (T in K). Source: Goula et al. (2018).
3

M.A.J.S. van Boekel

Journal of Food Engineering 306 (2021) 110634

over the temperature range studied. When applying the Arrhenius
equation (or any other temperature model for that matter), the order of
the reaction needs to be the same, within experimental error, at each
temperature, otherwise an unforeseen temperature dependence creeps
in in the Arrhenius equation whereas the relation only accounts for
temperature dependence of the rate constant. Since the order nt and rate
constant kr are correlated, the rate constant may not only be changing
because of temperature but also because of a shift in reaction order if
that parameter would not be constant. The reaction order nt was
therefore estimated at each temperature from the available isothermal
data using equation (2). The extra steps needed for Bayesian regression
are that a likelihood distribution for the data and prior distributions for
parameters need to be proposed. The likelihood distribution represents
the assumption that, in this case, the data are generated according to the
nth-order model, and that they are normally distributed with a mean μi
and a constant experimental standard deviation σe . These assumptions
result in the following statistical notation (∼ N should be read as: is
normally distributed):

quite narrow 95% credible and prediction intervals (results shown in the
Supplement, Figure S3). But that is not where the analysis stops: what
must be added is the behaviour of parameters per temperature, as shown
in Fig. 2. This Figure shows the parameter c0 to be reasonably constant
over the temperature range, which was to be expected because the initial
concentration was set by the researchers at a value of around 66
mg/dm3. Even though the initial value was more or less known in this
particular case, it was chosen to model it anyway and the shown pos
terior distribution of c0 reflects the uncertainty in estimating its value
from the data. If it would have been very different from the known or
assumed value, that would indicate a modeling problem, but that is not
the case here. The order nt , on the other hand, is not constant over
temperature, and its uncertainty displayed as posterior density varies
irregularly with temperature; it is in most cases also a skewed,
non-normal distribution. That is useful information in itself, it means,
for instance, that confidence intervals are not symmetrical. This would
not have been clear from conventional least-squares regression. It is not
clear from the results, or from the data, why the results come out like
this. It may be an indication of a shift in the reaction mechanism over
time and/or temperature (to be discussed below). The behaviour of the
logarithm of the rate constant as a function of temperature (logarithmic
because the relation between the rate constant and temperature is ex
pected to be exponential) is unexpected at first sight. However, this
seemingly erratic behaviour is entirely due to its strong correlation with
the order nt : see Fig. 3 as an example (similar plots were found for the
other temperatures, not shown). A change in order with temperature has
immediate consequences for the value of the rate constant, as the soft
ware searches for the most likely combination of parameters based on
the model and the data. The goal of this workflow step no. 2 is to check
whether or not the reaction order is the same across the temperatures
studied. That is clearly not the case here. The posterior parameter dis
tribution results are quite instructive in that respect. Rate constants
cannot be compared directly to each other if the order varies (its
dimension depends on the order), so this variation of the order with
temperature reveals a problem that needs to be tackled. This is the topic
of the next section.

ci ∼ N(μi , σe )
(

μi = c1−0

nt

+ (nt − 1)⋅kr ⋅ti

)1− 1n

c0 ∼ N(66, 10)

t

(4)

kr ∼ N (1, 5) (lb = 0)
nt ∼ N (1, 1) (lb = 0)

σe ∼ half − cauchy (0, 5)
A half-cauchy distribution was chosen for the standard deviation σe
because it can only have positive values. The other parameters were
given a normal distribution with a lower bound of zero (lb = 0) for the
parameters kr and nt . For the generated data ci , it is commonly accepted
that concentration measurements result in normally distributed data.
The numerical values given to the parameter priors are based on prior
expert knowledge, priors reflect expectations of the researcher before
analyzing the data, they do not reflect variation in the real world. For the
initial concentration c0 it is known in this case study that the initial
concentration was around 66 mg/dm3 but a rather large standard de
viation of 5 was given to prevent the prior to become dominant, in other
words to let the data decide about the best estimate. For rate constants, a
very crude rule of thumb is that kr ⋅tend ≈ 1 − 10, crude because it also
depends on the order nt , so a value of 1 was chosen in this particular case
study but again with a large standard deviation, indicating that a range
of other values should be possible (but not lower than zero). As for the
order nt , a value of 1 was chosen but with a standard deviation that
would allow values between, say, 0 and 3 (but again not lower than
zero). A so-called prior predictive check was done to check how the
model behaves with such priors without involving the data yet, the re
sults of which are shown in the Supplement (Figure S1) and were found
to cover the whole spectrum of possible values. The priors applied are
called weakly informative in statistical jargon because they allow for
quite a range of possible, but not impossible, values. Such assumptions
are actually also tacitly made when applying the commonly used leastsquares method, perhaps even without realizing this. The advantage of
the Bayesian method is that it needs to be made explicit by the
researcher.
Before interpreting Bayesian regression results, it is essential to
check whether or not the MCMC procedure has produced trustworthy
results (McElreath, 2020; Van Boekel, 2020). This can be done by
̂ (indicates whether
looking at trace plots and MCMC diagnostics like R

3.3. Step 3 in the workflow. Global estimation of kinetic parameters from
all data at all temperatures (partial or complete pooling)
As is already known for quite some time, also in food science liter
ature (Haralampu et al., 1985; Van Boekel, 1996), it is better to analyze
all data in one go, rather than analyzing them separately per tempera
ture; with all data analyzed at once, the increased number of statistical
degrees of freedom decreases uncertainty in parameter estimates. This is
sometimes called a global model, global in the sense that it captures all
data at once (i.e., complete and partial pooling). The way to do that in
the model is to replace the rate constant in the kinetic equation by the
Arrhenius expression and then to estimate the activation energy and
pre-exponential factor directly instead of the rate constant separately
per temperature. But doing this requires reparameterization and
rescaling in many cases.
3.3.1. Reparameterization
Due to the mathematical formulation of the Arrhenius equation and
limited temperature range that is usually studied, very strong correla
tion between the Arrhenius parameters Ea and k0 occurs (see, e.g., Van
Boekel (1996); Schwaab and Pinto (2007); De Levie (2012b)) but un
fortunately the phenomenon is frequently neglected in food science
literature. Such high correlation is a nuisance in estimation and in
propagation of errors (De Levie, 2012a). In any case, reparameterization
can help to reduce this correlation. The procedure is to center the pre
dictor variable (1/T in this case). The resulting reparameterized
Arrhenius equation changes then from equation (3) to equation (5):

the Markow chains have converged and mixed) and neff (the number of
effective samples in the Monte Carlo process). The diagnostics of the
Bayesian regressions were OK (shown in the Supplement, Table S1;
Figure S2), so further interpretation of the results can be done. The in
dividual fits (no pooling of data) were quite OK per temperature, with
4
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Fig. 2. Overview of the posterior distributions of the parameters c0, nt, ln(kr) obtained. per each individual isothermal temperature experiment (no pooling of data).

Fig. 3. Marginal parameter posterior distributions, pair plots and Pearson correlation. coefficients for the regression of the carnitin data at 373 K. Similar plots were
found for the other temperatures.

( (
))
1
1
kr = kref ⋅exp Ea ⋅
−
RTref RT
)
(
Ea
kref = k0 ⋅exp −
RTref

In this equation, a reference temperature Tref is defined, to be chosen
somewhere in the middle of the range of temperatures that were studied.
However, the choice is not trivial as was shown by Schwaab and Pinto
(2007), because the degree of correlation and relative error of the
Arrhenius parameters depend on it. Schwaab and Pinto (2007) showed

(5)
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that the following calculation gave the best results, with yi representing
the measured concentration values:
∑n
[yi lnyi ]2
Tref = ∑i=1
(6)
2
n
i=1

becomes a value of lnkref = − 9.21. Of course, after estimation lnkref can
be transformed back into kref but be aware that the software will return
(
)
an estimate of ln kref when equation (9) is used. However, logarithmic
transformation may lead to changes in error structure, as mentioned.
The independent variable can also be rescaled; in this case study, the
variable t was rescaled from minutes to hours to make the numerical
values of parameters more compatible with each other. This has no
consequences for the estimation as such, but it does change the di
mensions of the parameters. For instance, if minutes would be used, and
a first-order reaction is assumed for the moment, the dimension of kr
would be min− 1 but after rescaling t to hours it will be h− 1.

[yi lnyi ]
Ti

For the present case study, this leads to a value of Tref = 373.57 K,
while the average temperature would give a value of Tref = 374.25 K.
The difference is not large in this particular case, but that may be
different for other cases. The pre-exponential factor has now become the
rate constant at this reference temperature Tref and is called kref . The next
aspect to discuss is parameter scaling.

3.3.3. Global multilevel modeling
If the results would have been such that the reaction order was,
within experimental variation, the same at each temperature, the
Arrhenius parameters could have been estimated using a constant re
action order, leaving only three parameters to estimate. However, in
view of the results of the previous section, a common order cannot be
assumed for this case as the order varies with temperature. If this fact
would be ignored, it is basically assumed that the data generating pro
cess is the same for each temperature, which seems not to be the case.
For further analysis, one could calculate an average order over the
temperature range studied and fix it at that average value. However,
such averaging may remove useful information and it ignores the fact
that the result from one temperature experiment might have a different
weight than from another. An alternative method exists where the
various experiments ‘inform’ each other about this variation in param
eter nt while still applying the Arrhenius equation globally (or any other
temperature model), a technique called multilevel modeling. The re
gressions done under step 2 for each experiment separately are not
connected in any way; the outcomes from the previous or the next
regression do not know about each other’s result. With multilevel
modeling, however, they can be connected and ‘inform’ each other. The
result is an overall estimate of the parameter at the global, population
level, as well as variation from that population level for each separate
temperature experiment. The idea is to partition variance over different
levels. In the case of only a single level, as in the regressions done above,
all remaining inexplicable variation not explained by the predictor
variable(s) ends up in the residual experimental standard deviation σ e .
But with two (or more) levels variance can be divided over these levels.
In the case of kinetics studied at various temperatures, two levels are
addressed, the first is the level at which the concentration measurements
are done, the second is the level of the experiments grouped at various
temperatures. Another way of saying the same is to consider the ex
periments at one temperature as a within-group experiment and the
comparison between each temperature experiment as between-group
experiments while acknowledging also the similarities in the experi
ments. Multilevel modeling is applicable when data are composed of
groups and it allows to separate the within-group effects from the
between-group effects. As was shown above, the parameters reaction
order nt and rate constant kr vary with temperature while the parameter
c0 did not vary substantially. However, the rate constant is replaced by
the Arrhenius parameters Ea and kref in the reparameterized equations
and these parameters are thereby forced to be constant over temperature
(strictly speaking, this is only valid at the population level since the unit
of kref depends on nt ). So, in this case of carnitin degradation, it is thus
investigated in how far parameter nt varies with temperature on the
group level (in other cases where the initial concentration varies with
temperature, that could also be modeled). The multilevel model is
composed via the following reasoning. The parameter nt that is allowed
to vary per group of temperature experiments is given a value at the
overall population level (sometimes called a grand mean) while the
parameter is also allowed to vary around that grand mean in each in
dividual temperature experiment, variation that is characterized by a
standard deviation σnt . It is assumed that, on average, the deviations

3.3.2. Scaling of parameters
In kinetics, nonlinear equations are abundant. In the past, trans
formation of nonlinear equations into linear ones was needed to make
linear regression possible (as is still commonly done in the classical twostep approach). With the currently available software, however, it is not
a problem anymore to perform nonlinear regression on nonlinear
models (though there may be some numerical difficulties to overcome).
In fact, it is now recommended to perform nonlinear regression so as to
avoid transformation of the data themselves. Such transformation may
lead to statistical difficulties because not only the data are transformed
but also their error structure (Van Boekel, 1996). However, as
mentioned, a possible problem with nonlinear equations is the occur
rence of numerical difficulties (these differences are absent with linear
regression, which has analytical solutions). These may arise if there are
big differences in numerical values of parameters. For instance, a rate
constant may have values in the range of, say, 10− 1 to 10− 7, while an
activation energy may range from 104 to 105 or more. Such large dif
ferences in orders of magnitude are difficult to handle for the software
because of the numerical approximations applied, and therefore
rescaling often helps for convergence. This does not change the esti
mation itself, only the dimensions of parameters. This is true for
nonlinear least-squares regression but certainly also for the MCMC
procedures used in Bayesian estimation; according to Bürkner (2018),
the MCMC software Stan works best when the numerical values of pa
rameters are roughly in the same order of magnitude. A way to achieve
that is parameter rescaling. Building on equation (5), the next equation
shows the reparameterization of the activation energy parameter, while
keeping kref the same:
(
(
))
Ea
Tref
kr = kref ⋅exp
1−
(7)
RTref
T
So, the difference with equation (5) is that now Ea / RTref is estimated
rather than Ea . The term Ea /RTref in equation (7) is basically a rescaled,
dimensionless activation energy. Using the value of R = 8.314 J mol− 1
K− 1 and a reference temperature Tref around, say, 100–120 ◦ C, this
dimensionless activation energy will be in the range of 15–30 (its value
depends of course on the reference temperature chosen). One can even
go one step further if the value of kref would be very different in
magnitude from the other parameters. This reference rate constant can
also be rescaled by taking its logarithm as follows, kref can be rewritten
as:
( (
))
kref = exp ln kref
(8)
Substituting this in equation (7) results in:
( ( )
(
(
))
Ea
Tref
kr = exp ln kref ⋅exp
1−
RTref
T
(
(
))
(
)
Ea
Tref
1−
= exp ln kref +
(9)
RTref
T
(
)
In doing so, ln kref has become the parameter to estimate rather
)
(
than kref itself, which can have the advantage that ln kref has much
better numerical properties. For instance, a low value of kref = 10− 4
6
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from the grand mean will be zero (similarly as it is assumed that on
average experimental deviations are zero). The multilevel model will
then estimate σnt in addition to the other parameters. Multilevel
modeling has some benefits over single level modeling (Gelman and Hill,
2007; McElreath, 2020):

(10) and supplied to the Stan software via brms.
The diagnostics of the Bayesian regression were OK (shown in the
supplement, Table S2 and Figure S4), so further analysis can be done.
The posterior distributions shown in Fig. 4 look well-behaved and
approximately normal. Noteworthy is the strong correlation between nt
and kref . Table 1 shows the numerical summaries from the parameter
posterior distributions and their uncertainties (credible intervals are the
Bayesian equivalent of frequentist confidence intervals but with a
different meaning: 95% credible intervals indicate with 95% probability
that the parameters are found in that interval, while 95% confidence
intervals indicate that with every 100 repetitions of the experiment the
parameter will be found 95 times in the interval on average and 5 times
outside; the parameter itself cannot have a probability in the frequentist
world).
This table contains information that needs some further explanation.
Note, once again, that the values given are summaries of the posterior
distributions shown in Fig. 4. The estimates for the parameters c0 , nt , Ea ,
kref with their uncertainties are valid at the population, or global, level
(sometimes referred to as marginal distributions). The overall popula
tion estimate for nt is clearly different from one, though not very far.
Furthermore, there is one standard deviation reported next to the
experimental standard deviation σe , namely, σnt that summarizes the
degree of variation of parameter nt over the temperature range studied.
This variation appears to be rather small (but note that its SE is quite
high). This parameter captures what is sometimes called the ‘random’
effect’. Note that the two standard deviations have themselves standard
errors SE. It is important to realize the different meanings of SE of the
parameters and that of standard deviations σ . The SE values express
uncertainty in the estimates while σe and σ nt themselves are a measure
for the real variation, namely of the remaining inexplicable variation at
the experimental level and the variation in the parameter nt over the
temperature range studied, respectively.
While an estimate for the parameter nt is given at the global, popu
lation level, it is also possible to derive this parameter from the posterior
at the group level, i.e., for each temperature studied, sometimes referred
to as conditional distributions. These are shown in Fig. 5 as deviations
from the grand mean (including their uncertainties); on average the
deviations are zero. It can be seen that the parameter nt varies around
the population mean about ± 0.04. For instance, while the population
level was found to be nt = 1.14, for T = 353 K it is around 1.14 + 0.02 =
1.16, and for T = 373 K it is 1.14–0.02 = 1.12. These deviations are
much smaller than was found for the individual regressions, the varia
tion of which is shown in Fig. 2; for parameter nt the variation there was
from 0.86 at T = 368K to 1.64 at T = 383K. This is a typical conse
quence of multilevel modeling where the regression results are con
nected at different levels. It shows a phenomenon called shrinkage in the
statistical literature, meaning that the individual estimates are drawn
(“shrunk”) towards the grand mean. This is a direct consequence of the
fact that the regressions have ‘informed’ each other; “borrowing
strength” is another term that is sometimes used. The variation shown in
the group level is clear but not very large. They are different with 50%
probability but overlap at 95% probability. It means that taking all data
into account the model indicates that the order does not vary that much
per temperature, which is an indication that the mechanism is probably
not changing with temperature, as was the preliminary suggestion from
the individual estimates shown earlier. It does however indicate that the
order is significantly different from one, the consequences of which will
be further investigated in the next section.
The fit to the data is called retrodiction in the terminology of
McElreath (2020), as opposed to prediction, because it reflects the fit to
the data in retrospect. Such a retrodiction resulting from the parameter
estimates at the population level (i.e., one value for kref and nt ) is shown
in Fig. 6. The fits look quite reasonable overall per temperature,
considering that the order obtained is a ‘shrunk’ one, the most plausible
one to describe all data simultaneously. Also the prediction intervals are

• it allows a better characterization of variability as it splits up vari
ance over levels
• it compensates for possible correlations between measurements (in
single level modeling measurements are supposed to be independent
but this is often not the case)
• it ‘learns’ from other related regressions, thereby giving more reli
able estimates
The second bullet point, correlation, is an underestimated problem in
kinetics, as measurements in one experiment are most likely correlated,
and this violates one of the assumptions for regression. Multilevel
modeling is not new but, as yet, not much applied in kinetics. Examples
exist in chemical engineering science (Hickman, Ignatowich, Car
acotsios, Sheehan, & D’Ottaviano, 2018), in food microbiology and risk
assessment (Garre et al., 2020; Juneja et al., 2016; e.g., Juneja and
Marks, 2005), and in meta-analysis (e.g., Jaloustre et al., 2012). Multi
level modeling is possible with Bayesian and frequentist methods (in the
latter case via maximum likelihood estimation) but Bayesian methods
appear to be more suitable and flexible in this respect (Gelman and Hill,
2007; McElreath, 2020). Multilevel models also go under the name of
‘mixed effects models’ and ‘hierarchical models.’ The terminology can
be a bit confusing; the term ‘mixed’ refers to the idea that effects at the
population level are ‘fixed,’ while the effects at the group level are
‘random,’ and so it is a mix of fixed and random effects. A hierarchical
model refers to the idea that there can be a hierarchy in the data; in the
current example, the lowest in hierarchy (level 1) are the
concentration-time measurements, while the higher hierarchy (level 2)
refers to the same type of measurements but then at various tempera
tures. This is the case of partially pooled data. The R pacakge brms used
here is designed for multilevel Bayesian regression.
3.3.4. Prior parameter distributions for multilevel modeling
As before, for Bayesian regression prior distributions need to be
given for the parameters and a likelihood function for the data (Van
Boekel, 2020). Since it can be calculated, after the proposed rescaling,
that the value of kref will be somewhere in the range between 0.1 and 1,
it is probably best to use equation (7) rather than (9); this avoids having
to recalculate kref back from its logarithmic form. The proposed priors
for the current case study are given in equation (10). With this infor
mation, multilevel bayesian regression can be performed.
ci ∼ N (μi , σe )
(

μi = c1−0

nt

(
) ) ))1− 1n
(
t
Ea
Tref
1−
+ (nt − 1)⋅kref ⋅exp
⋅ti
RTref
T
c0 ∼ N (66, 10)
kref ∼ N (0.1, 1)
Ea
∼ N (25, 10)
RTref

(10)

nt ∼ N (1, σnt )

σ nt ∼ half − cauchy(10)
σ e ∼ half − cauchy(25)
The values given to the priors are once again based upon kinetic
expert knowledge, as discussed before. Noteworthy is the change in
prior for nt and the extra prior for σ nt ; this latter one is called a
hyperprior (a prior for a prior). These values are displayed in equation
7
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Fig. 4. Marginal parameter posterior distributions, pair plots and Pearson correlation coefficients resulting from multilevel regression of all data at once (par
tial pooling).
Table 1
Numerical summary of the Bayesian multilevel regression of partially pooled
carnitin data. SE = standard error, lower and upper bounds indicate the 95%
credible intervals.
c0 (mg/dm3)
nt (− )
kref ((dm3 mg-1)nt-1h-1)
Ea (kJ/mol)
σnt

σe

mean

SE

lower bound

upper bound

66.77
1.14
0.41
82.01
0.02
2.64

0.58
0.06
0.09
2.19
0.01
0.20

65.63
1.01
0.25
78.29
0.01
2.28

67.95
1.26
0.62
86.93
0.05
3.06

rather tight, indicating the range in which new, not yet observed values
may be expected with 95% probability, conditional on the model and
the data. It is also possible to show the fits at the group levels; this is
shown in the Supplement, Figure S5, where the fits at the population
level and group level are compared. These fits are practically coinciding
because the variation of the order resulting from multilevel modeling
appeared to be quite small.
The multilevel approach appears to give much insight in the
behaviour of parameters for the various experimental data at hand.
Since the individual regressions showed a rather strong varying
parameter nt with temperature, it made sense to subsequently use
multilevel modeling. If, however, the results from the individual re
gressions in workflow step no. 2 would have shown the parameter nt to
be more or less constant, then multilevel modeling would not have been
necessary. in that case, global modeling without a multilevel touch
would suffice; this would then be single-level modeling using completely
pooled data. Nevertheless, for the sake of completeness and comparison,
this was done with this dataset as well, the results of which are reported
in the Supplement: Table S3 and Figure S6 show the MCMC diagnostics,
while Figure S7 shows the corresponding marginal parameter posterior
distributions, pair plots and correlation coefficients. Table S4 in the

Fig. 5. Deviations of parameter nt from the value of the grand mean nt = 1.14
(put at value 0) at the group level (i.e., each individual temperature experi
ment) as derived from multilevel modeling of the carnitin data simultaneously.
The circle indicates the mean, the. thick band the 50% credible interval and the
thin band the 95% credible interval.

Supplement shows the resulting numerical summaries of the parameter
distributions, which can be compared to the results in Table 1. This
global, single-level result for completely pooled data appears to be very
close to the multilevel result for partially pooled data, which makes
sense because the multilevel result showed that the variation in order
with temperature was small (expressed in parameter σnt ). Nonetheless,
multilevel modeling was needed to come to this conclusion because the
individual regressions resulting from no-pooling suggested otherwise. If
this workflow is followed, it is important to imply it already at the
experimental design stage. In the present case-study, 8 groups of
8
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Fig. 6. Fits (solid blue lines) at the population level for each temperature resulting from global. multilevel regression on all carnitin data (closed symbols) with 95%
prediction intervals (dashed lines). (For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.)

plot for T = 403 deviates at one end. Nevertheless, considering that this
is a global fit to all data at once, there is not a strong indication, overall,
that assumptions are violated. Also, there is no indication that, overall,
the assumption of a constant experimental standard deviation is
violated. The residuals at the second level were in fact already shown in
Fig. 5 and they also do not give reason for concern.

temperature experiments were available. In the multilevel approach, a
rule of thumb is that 5–6 group levels are needed to be able to estimate
between-group effects. But even without a multilevel approach such a
rule of thumb is useful to be able to apply Arrhenius’ law (or any other
temperature model) in a statistical meaningful way. Having only 3–4
temperature datasets available results in a limited number of statistical
degrees of freedom, whatever method is used.

3.4.1. Comparison with a first-order model
Since the value for parameter nt is close to, but not equal to 1 (the
95% credible interval does not contain 1), it may be interesting to
compare the results when the order is nevertheless fixed at 1, as was
done in the original article where the data were published. The MCMC
diagnostics were OK (Figure S10 and Table S5 in the Supplement). The
corresponding parameter posterior distributions, pair plots and param
eter correlation coefficients are also shown in the Supplement,
Figure S11. This all looks well-behaved. The resulting fits are hard to
distinguish from the fits shown in Fig. 6 and are therefore not shown.
The numerical results can be found in Table 2; as is to be expected, the
numerical values are slightly different for kref and Ea because of forcing
the order to be at nt = 1.
However, what is of importance also is to study the predictive per
formance of models. A variety of methods is available. Probably best
known from the frequentist world is the Akaike criterion, and there are

3.4. Step 4 in the workflow. Model evaluation
As mentioned in the introduction it is always necessary to check the
modeling assumptions made concerning equal variance and normality of
the data; this is nothing new and should be common practice. Residual
analysis is a simple and effective check. Residuals reflect the difference
between the measured values and the expected values according to the
model. A residual plot can indicate two things: i) model adequacy: if the
model functions well, the residuals should only reflect inexplicable
variation without a trend (residuals should be randomly dispersed), ii)
homogeneous variance: the residuals should approximately be of the
same magnitude. Whether or not the residuals are normally distributed
can be checked via a normal quantile-quantile (QQ) plot. In the case of
multilevel modeling, there are in fact two types of residuals: at the first
level of the data where it can be checked how the residuals behave
within a group, allowing at the same time comparison between groups,
and at the second level about the random effects at the group level.
These model checks were done and the results are reported in the Sup
plement: Figure S8 shows the residuals per temperature (within-group)
and Figure S9 the QQ plot per temperature resulting from multilevel
modeling. Incidentally, these checks are valid in both the Bayesian and
the frequentist approach. The residual and QQ plots do not give reason
for concern overall, even though an occasional deviation can be spotted,
for instance the residual plot for T = 363 shows a trend, while the QQ

Table 2
Numerical summary of the posterior distribution for the Bayesian regression of
the carnitin data using completely pooled data with the first-order model.
c0 (mg/dm3)
kref (h-1)
Ea (kJ/mol)

σe
9

mean

SE

lower bound

upper bound

66.18
0.63
80.59
2.86

0.51
0.01
1.14
0.21

65.19
0.60
78.41
2.49

67.16
0.65
82.87
3.31
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several others (McElreath, 2020), but the two most suitable methods for
Bayesian models currently are WAIC (“Widely Applicable Information
Criterion”) and ‘leave-one-out-cross-validation,’ in short loo-cv. Ac
cording to statisticians (Vehtari et al., 2017), loo-cv is the preferred
method. Basically, loo-cv leaves one observation out, refits the model
and checks how well the model predicts the left-out observation, and
this is then repeated with all observations. So, this procedure is really
about predictive capability rather than fitting capability. Its measure is
the so-called elpd (expected log pointwise predictive density) and a
higher number represents better predictive capacity. It is a relative
measure, that is to say, it is only valid for comparison, its absolute value
has no meaning. Since three models have been tested here, the multi
level nth-order model, the single-level nth-order model (shown in the
Supplement) and the first-order model, it is possible to apply this loo-cv
method. The result in Table 3 shows that the nth-order multilevel model
performs slightly better than the single-level nth-order, which is again
slightly better than the first-order model but in view of the elpd-standard
error this difference is not significant. The conclusion is therefore that
the three models perform just about equally well in terms of predictive
capacity. Another way to compare model performance is by so-called
posterior predictive checks. This means that predictions are made
from the posterior distribution, which are then compared to the existing
data in a density overlay plot of observed data and data replicated from
the posterior. Such a check is shown in Fig. 7. Also this Figure suggests
that the multilevel nth-order model performs slightly better.
The result that there is not much difference between the three models
pertains of course to the present dataset; this is not generally valid and
needs to be investigated for every dataset studied. In the case that a
reaction order deviates stronger from one than in the present case, the
result could be much different. The main message of this exercise is to
show how a claim with respect to the order of a reaction can be sub
stantiated by a thorough analysis of the data and the data generating
model. This is basically the proposed procedure to estimate kinetic pa
rameters from isothermal data at various temperatures. As part of model
evaluation, it might be instructive to compare the obtained results with
the classical two-step linearized approach, which is done next.

lnci ∼ N (μi , σe )
μi = lnc0 − kr ⋅t
lnc0 ∼ N (4.6, 5)
kr ∼ N (0.4, 1)
σe ∼ half − cauchy(25)

It immediately points to a possible problem for the likelihood func
tion. While it can safely be assumed that measured concentrations are
normally distributed, this may not be the case anymore when they are
logarithmically transformed as implied by equation (11). As indicated in
this equation, the assumption is nevertheless made because this is what
is done in the classical approach. The implications will be discussed
below. As before, the assumed weakly informative priors for the pa
rameters are based on prior expert knowledge. With this information,
rate constants were estimated at each temperature. The MCMC checks
can be found in the Supplement (Table S6 and Figure S12).
The logarithms of the so obtained rate constants per temperature
were subsequently used in the fitting of the linearized Arrhenius equa
tion (3) versus 1/T (of course, the centered Arrhenius equation would
have been better to use but the goal was to compare with common
practice in which this is mostly not done). The following likelihood
function and priors are proposed:
lnkr ∼ N (μi , σe )

μi = lnk0 −

lnk0 ∼ N (25, 10)

elpd-difference

SE
0.00
4.12
4.58

(12)

Again, the assumption is made that the logarithm of rate constants is
normally distributed, which may be doubtful, but this is also tacitly
assumed in conventional least-squares regression. Expert knowledge
tells that lnk0 is somewhere between 20 and 30, but a large standard
deviation is given to indicate uncertainty about the actual value; simi
larly, activation energies are usually somewhere between 25 and 100
kJ/mol, so Ea /R should be around 10,000, but with a large uncertainty.
With this information, Bayesian regression can go ahead.
The MCMC diagnostics were OK (see Supplement Table S7 and
Figure S13), so further analysis of the results is warranted. The resulting
Arrhenius plot obeys more or less a linear relation (Fig. 8A), though
there is a hint of curvature and there is definitely a trend noticeable in
residuals (Fig. 8B), and the normal QQ-plot (Fig. 8C) looks somewhat
suspicious in that the residuals may not be distributed normally. All this
seems to suggest a modeling problem, possibly due to logarithmic
transformation. Fig. 9 shows the posterior parameter distributions, pair
plots and correlations. Note the very strong parameter correlation be
tween the parameters lnk0 and Ea shown in this Figure, along with the
posterior density of the Arrhenius parameters. This strong parameter
correlation is well known to occur, and it has its consequences when
used for prediction of rate constants as explained in De Levie (2012b):
one needs to use the parameter covariance matrix in further calcula
tions. If that is done, uncertainty estimates can be calculated even in the
presence of strong parameter correlation (Pernot, 2017). As was already
shown above, an effective way to remove this correlation is to center the
independent variable, in this case 1/T. Incidentally, this kind of
parameter correlation is less of a problem with the Bayesian approach
because all information including correlated parameters is present in the
posterior and is automatically taken into account when the posterior is
used for further calculation. The resulting parameter estimates are in
Table 4, with their standard errors and 95% credible intervals. It is
perhaps of interest to compare this result to the two-step procedure
following the D − z approach in the original article (Goula et al., 2018),
where a value of z = 30.2 oC was found at a reference temperature of
120 ◦ C. This can be recalculated into an activation energy via the

Table 3
Results of loo-cv for the multilevel nth order model, the single-level nth order
model and the first-order model. elpd = expected log pointwise predictive
density, SE = standard error. The loo-elpd value for best performing model is put
at 0.
0.00
− 2.86
− 4.48

Ea
RTi

Ea
∼ N (10000, 5000)
R
σe ∼ half − cauchy(10)

3.4.2. Classical two-step approach
In the classical two-step approach, still used in the majority of cases
reported in food science literature, rate constants are estimated (first
step), to which then subsequently the linearized Arrhenius equation is
fitted (second step); similarly, when D and z parameters are employed.
For comparison with results obtained so far, Bayesian regression is used
again but now with the classical two-step approach (to be sure: Bayesian
is not classical but the two-step approach is). Since the original article
(Goula et al., 2018) concluded that the reactions conformed to a
first-order reaction when plotted semi-logarithmically, the same
approach is used here. The extra steps needed for Bayesian regression
are, once again, that a likelihood distribution for the data and prior
distributions for parameters need to be proposed. The likelihood dis
tribution represents the assumption that the logarithmically trans
formed data are generated according to a linear model, and that they are
normally distributed with a mean μi and a constant standard deviation
σ e . These assumptions result in the following statistical notation:

multilevel nth-order
single level nth-order
single level 1st-order

(11)
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Fig. 7. Posterior predictive checks (density overlays) for the multilevel nth-order model (A), the single-level nth-order model (B) and the first-order model (C). The
black line represents. the data (y), the blue lines (yrep) predictions of 100 samples from the posterior. (For interpretation of the references to colour in this figure
legend, the reader is referred to the Web version of this article.)

Fig. 8. Linearized Arrhenius plot resulting from the two-step procedure for the carnitin. data; the dark blue ribbon indicates the 95% credible interval and the
lightblue ribbon the 95% prediction interval (A); residuals (B); QQ-plot (C). (For interpretation of the references to colour in this figure legend, the reader is referred
to the Web version of this article.)
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Fig. 9. Marginal posterior parameter distribution, pairs plot and Pearson correlation coefficients for the Bayesian linear regression of the linearized Arrhenius
equation for the carnitin data.

workflow leads, first of all, to much more precise estimates (i.e., nar
rower distributions), but also to a remarkable shift in the mean of the
distributions for both Ea and lnk0 . Note that exactly the same data was
used for both methods. This may be due to the fact that in the two-way
classical method two times a log-transformation has taken place: first to
linearize the first-order plot to obtain rate constants, and second the
logarithm of the obtained rate constants was taken for the linearized
Arrhenius equation. These log-transformations change the error struc
ture, which may cause bias in estimation. This was investigated further
by estimating the rate constants also via nonlinear regression using the
first-order model (hence, without log-transformation of concentration
data), followed by subsequent estimation of the Arrhenius parameters
via linear regression of the linearized Arrhenius equation (still using logtransformation of the rate constants). By plotting the rate constants
obtained after log-transformation using linear regression versus those
obtained without log-transformation using nonlinear regression, they
should approximately fall on the line y = x but a striking difference was
observed as shown in Fig. 11. The rate constants at the higher temper
atures obtained from log-transformation were considerably higher than
those estimated from non-transformed data. This explains why different
Arrhenius parameters are found with the one-step and two-step
approach. While this result cannot be directly generalized to other
datasets, it is probably best to avoid log-transformation altogether to be
on the safe side.
One of the goals of modeling is prediction, so it is interesting to see
where this leads to in predicting rate constants using both outcomes for
the first-order model. Fig. 12 compares predicted rate constants for two
temperatures, one at a lower (70 ◦ C, 343 K) and one at a higher tem
perature (140 ◦ C, 413 K). The classical two-step approach gave a higher
activation energy which results in a larger temperature sensitivity of the
rate constant. This is the reason that the classical two-step approach
predicts a lower rate constant at the lower temperature and a higher one

Table 4
Numerical summary of Bayesian linear regression of the linearized Arrhenius
equation for the carnitin data. SE = standard error, the lower and upper bounds
represent the 95% credible interval.
lnk0 (h-1)
Ea (kJ/mol)

σe

mean

SE

lower bound

upper bound

29.11
91.72
0.18

1.44
4.45
0.07

26.54
101.59
0.10

32.26
83.76
0.37

following equation (Van Boekel, 2008b):
Ea =

2.303RT 2
z

(13)

from which it follows that Ea = 97.9 kJ/mol at T = 120 oC and Ea = 88.5
kJ/mol at T = 100 oC (showing in passing the strong dependency of the
parameter z on temperature!). This result, found after two logarithmic
transformations, is in the same range as displayed in Table 4 with similar
log-transformations. Noteworthy is the difference in Arrhenius param
eter estimates between the one-step and two-step approach, to be dis
cussed next.
3.4.3. Comparison of the results from the proposed workflow with the
classical two-step approach
The results obtained with the classical approach can now be
compared to the results obtained with the proposed workflow. This is
done in Fig. 10 for the marginal posterior density of the activation en
ergy Ea and lnk0 obtained in the two approaches. To make the com
parison as close as possible, the results obtained with the one-step
approach using the global first-order model were taken, for which
parameter kref obtained there (including its variation) was recalculated
to lnk0 using equation (5). Fig. 10 clearly shows that the proposed
12
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Fig. 10. Comparison of the marginal posterior densities from the first-order model obtained. in the two-step classical way (red fill) and in the global proposed
Bayesian workflow (blue fill) for the activation energy Ea in kJ/mol (A) and pre-exponential factor ln k0 in h− 1 (B). (ln k0 for the global first-order model was
recalculated from kref using equation (5)). (For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.)

3.5. Comparison of the frequentist and bayesian approach
The analysis described in this paper was repeated in the frequentist
way, i.e., using linear and nonlinear least-squares regression, including
multilevel regression. This comparison can be found in the Supplement
(Tables S8-S10 and Figures S14-S19). The numerical results for the point
estimates were basically the same in both approaches, but the inter
pretation is different, as parameters cannot be variable in the frequentist
approach. It also appeared that the uncertainty estimates of parameters
was somewhat larger with the frequentist approach. The fact that the
proposed workflow does, by and large, not depend on whether the fre
quentist or Bayesian approach is used is reassuring. The Bayesian
approach, however, yields posterior parameter distributions with which
many further analyses can be done to get insight in how the parameters
behave and how they relate.
4. Conclusion

Fig. 11. Comparison of first-order rate constants obtained via linear regression
from log-transformed concentration carnitin data with first-order rate constants
obtained via nonlinear. regression from non-transformed concentration carnitin
data. The dashed line represents y = x.

In this paper, a general workflow is proposed for kinetic analysis of
the effect of temperature in typical food science problems. Fig. 13
summarizes the approach graphically. In summary, it consists of 4 steps:
1. Explorative data analysis (EDA): plot the available data as a
concentration-time relation per temperature for a first impression of
their behaviour as an aid for subsequent model proposal
2. Analyze the order of reaction per temperature studied using the nthorder model
3. If the order of reaction remains approximately the same per tem
perature, use all data simultaneously to estimate the Arrhenius pa
rameters using the fixed order value found with step 2; if the order of
reaction appears to vary with temperature, use all data to estimate
the variation in order of reaction per temperature and the Arrhenius
parameters simultaneously via multilevel modeling to find the pop
ulation value (grand mean) of parameters nt and kref .

at the higher temperature as compared to the one-step global approach.
Also important to note is that the uncertainty from the global approach
remains consistently lower as is reflected in the width of the distribution.
Furthermore, the density distribution seems to be a bit skewed to the
right in the case of the classical two-step approach. Of course, this
behaviour is not universally true, it is only valid for the current dataset.
However, what is universally valid, is to study predictive behaviour of
models and their parameters and in that sense multilevel modeling is
very helpful.
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Fig. 12. Comparison of predicted first-order rate constant distributions using the regression. outcomes with the log-linearized two-step approach (turquoise fill) and
the global nonlinear one-step approach (green fill) for a low (70 ◦ C, 343 K) and a high temperature (140 ◦ C, 413 K). (For interpretation of the references to colour in
this figure legend, the reader is referred to the Web version of this article.)

Fig. 13. Overview of the workflow proposal.

4. Evaluate and interpret the obtained modeling results in terms of fit to
the data (“retrodiction”) and, even more importantly, predictive
capacity of the derived model(s).

insightful results into the behaviour of kinetic parameters via marginal
posterior distributions. While these are considered benefits by the pre
sent author, this proposed workflow is not limited to a Bayesian
approach. It is equally valid for the frequentist approach (linear or
nonlinear ordinary least squares regression OLS). As shown in the Sup
plement, following the suggested workflow using OLS leads to the same
result as found here. The difference is that OLS results do not yield
parameter density distributions and that probabilities need to be inter
preted differently. While the big advantage of R with its packages is that
it is free-of-charge, open access, supported by an active community, and
available for all computer platforms, it needs to be remarked that other
software programs can be used for the proposed workflow as well. Excel,
for instance, can be used to do nonlinear least-squares regression using

Perhaps needless to say that if the order turns out to be approxi
mately the same over the temperatures studied, multilevel modeling has
no additional benefit and can be skipped. If in step 1 the concentrationtime relation appears to be linear for all temperatures, step 2 can be
skipped and a zero-order model can be applied in step 3 with the order
fixed at zero.
As a further conclusion from this work, it can be stated that the
Bayesian approach forces the researcher to think hard about the model
proposed and the assumptions that go with it. Furthermore, it yields
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the Solver, but it will need macro’s and add-ins because of the unfor
tunate fact that the Solver does not supply parameter uncertainties;
useful macro’s to remedy that can be found at de Levie’s internet page
excellaneous. Global modeling is thus possible using Excel but not
multilevel modeling and Bayesian regression; however, it can be done
with some other commercial packages, if so desired. As shown for this
particular case study, the difference in results between the proposed
workflow and the classical two-step approach was considerable, both in
terms of estimates as well as in terms of precision obtained. While it
remains to be investigated how large the differences will be for other
cases, it can be safely concluded that the proposed workflow extracts the
maximum information out of the data. As a follow-up to this paper, food
scientists are invited to test the proposed workflow for further explo
ration. It is especially important to pay due attention to precision, not
only of parameters but also of predictions, as this is a major goal of
modeling. Eventually, this will allow to achieve better mastering of food
processing and food quality.
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